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Abstract or the identity of individual nucleic acids [2, 4]. We pro-
pose a representation of RNA secondary structure in which
We introduce the contraction graph as a novel graphi- graphs of different detail or emphasizing different features

cal representation of RNA secondary structure. A contrac- are generated by a multi-level contraction process on a di-

tion operation — defined along base pars, single stranded rected graph.

regions, and tertiary interactions — allows for representing

RNA secondary structure at different levels of detail. Direc- 5 RNA Contraction Graphs

tionality of the graph and flow conservation of the contrac-

tion operation allow for explicit representation of the 5’ and Initially, a given RNA molecule is represented as a di-

3’ ends of the molecule. Furthermore, existing representa- rected graph in the 5’ to 3’ direction. Nodes represent nu-

tions such as tree and dual graphs are specific instances ingjeotides and arcs represent covalent links along the phos-

this framework. We anticipate that this unified representa- phoripose backbone. Using a computationally or exper-

tion will facilitate automated motif finding and functional  jmentally derived secondary structure, we contract base

classification based on direct searches and comparisons ofyajred nucleotides into a single node, conserving arcs in the

RNA secondary structure topology. helical region (Figure 1A). In the second stage, we con-
tract edges of consecutive nodes within helical and sin-
gle stranded regions such as internal, junction or hairpin

1. Introduction loops. In e(_JIge contraction, _two edges and one n_ode are
contracted into an edge which conserves the weights on

Secondary structure is critical in defining the shape andthe arcs (Figure 1B). In the third stage we can obtain tree
function of RNA molecules. Computational methods use graphs by contracting adjacent loop residues into a single
the thermodynamics of base pairing and experimentally hode, or dual graphs by contracting helical stems into sin-
derived energy parameters [5] to predict secondary struc-gle nodes (Figure 2). Psuedoknots are natural in this rep-
ture with reasonable accuracy [6] Recenﬂy, methods to au_resentation. During any level of contraction the inbound
tomatically characterize the growing databases [1] of ob- &rc weight must be the same as the out bound arc weight:
served and predicted RNA structure have used mathematVin = Nout. Thus the 5" and 3’ ends are easily recog-
ical representations such as tree and dual graphs [2]. Tre@iZEd as the nodes where flow conservation is broken: i.e.
graphs represent RNA loops as vertices and helices as edge® end : Niy, = Noyr — Land 3" end : Nip, = Nyt + 1
to describe connectivity between these featues. Dual graphs
represent loops as edges and helices as vertices and ai®. Advantages and Applications
able to represent more topologically complex features such
as pseudoknots. Computable representations allow for au- Our graph representation has a number of advantages
tomated searching, comparison, and enumeration of struc-over other representations such as tree graphs, dual graphs,
tures as well as the development of methods for discoveringand abstract trees [4]. The most important advantage is that,
new motifs. depending on the detail required for a particular problem,

Existing representations alow only one level of sec- there are several levels of abstraction that can be used to rep-
ondary structure detail, ignore the natural 5’ to 3’ direction- resent secondary structure, with the tree and dual graphs as
ality of the molecule, and do not incoporate possibly im- particular instances. In addition, the representation is math-
portant labelings such as the length of structural featuresematically consistent and based on a few basic contraction
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B 2 Figure 2. (Left) A partially contracted exter-

nal loop and a base pair contracted helix are

shaded. (Right) Contraction of the loop to a

CI> )./'.A‘. node and the helix to an edge yields a tree
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graph; while contraction of the loop to an
edge and the helix to a node yields a dual
graph.
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Figure 1. A. The shaded base pair (left) is
shown after contraction (right). Arcs are con-
served during contraction along base pairs.
B. The shaded edges in the loop region (left)
are shown after contraction (right). Flow con-
servation yields a weight of two on the result-
ing edge. Also note that all base pairs in the
helical region have been contracted.

4. Conclusion

RNA contraction graphs can represent different abstrac-
tions of secondary structure, explicitly represent the direc-
tionality of the molecule, and are compatible with a vari-
ety of biologically relevant labeling schemes. The frame-
work includes the existing tree and dual graph represen-
tations of RNA secondary structure via contraction opera-
tions on a fully expanded graph. Several applications to sec-
operations which are easily programmed on a computer. Im-ondary structure comparison and motif finding are promis-
plicit in the representation is directionality based on the 5’ ing.
and 3’ ends of the molecule — an important aspect not used
in tree or dual graphs. Beside contraction on covalent or References
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